Benefits of interventions for patients with cardiovascular diseases are often studied considering the time since the intervention to the occurrence of an outcome of interest. The Kaplan-Meier estimator is commonly used to calculate survival functions and takes into account the number of occurrences of a primary outcome and time to occurrence, whereas Cox proportional hazard models include covariates with potential impact on survival. 1 An important consideration is censoring, namely when the event of interest is not observed due to end of study, loss to follow-up, or competing events that preclude occurrence of the outcome. For example, congestive heart failure (CHF) after mitral valve repair considers time from the surgery to heart failure. The patient may die before a diagnosis of a CHF could have been made, and thus the censoring assumption that censored observations have the same CHF hazard as those at-risk is not fulfilled, so competing outcomes may need to be considered. Another example is regarding the age of the patient. Patients develop cardiovascular disease at different ages. Because older patients are at high risk for death before experiencing a CHF, it might appear that older age could be ''protective'' for the cumulative CHF incidence. Competing risk models allow for flexible modeling, provide valid estimates for cumulative incidences, and might explain apparently counterintuitive findings. This was also examined for patients with coronary bypass surgery and re-interventions, 2 or for patients with implanted cardioverter-defibrillators. 3 In such situations, the assumption that censored subjects have the same risk as subjects remaining in the cohort is not correct for Kaplan-Meier analysis or Cox models. It has been estimated that 46% of studies in high-impact medical journals are susceptible to competing risk bias. 4 Kaplan-Meier estimates and competing risk estimates answer different questions, as has been discussed in the example of heart valve replacement. 5 The perspectives can be in terms of mortality or valve deterioration, whichever occurs first, or in the hypothetical scenario of valve deterioration without considering mortality. The problems and opportunities with statistical models in the presence of competing risk are explained with the following case study.
EXAMPLE
Data from a published study on mitral regurgitation for 1218 patients who underwent degenerative mitral valve repair 1996 to 2000 at Mayo Clinic Rochester, Minn, USA, are used for illustration. 6 Of those patients, 221 experienced CHF, 318 died without CHF, and 134 died after CHF. The mean age in the cohort was 64 (standard deviation 13 years); New York Heart Association (NYHA) Classification III or IV was present in 366 patients (30%). The median follow-up time was 11.5 years (interquartile range 4.4 years). Echocardiography was performed postoperatively and during the follow-up time.
MODELS TAKING COMPETING RISKS/MULTIPLE ENDPOINTS INTO ACCOUNT
The question of what is the risk of CHF after mitral valve surgery can be answered with different models. Cox proportional hazard models assume that patients lost to follow-up have noninformative censoring distribution. This means when heart failure is the primary outcome and death is censored, then the occurrence of death has no influence on the probability of CHF. This is unlikely, and the hazard ratios (HRs) from such models cannot be interpreted as a comparison of cumulative incidences. An alternative is to consider a composite endpoint, in which time since surgery is calculated to the time of CHF or death, whichever occurs first (Figure 1, A) . A common HR for a composite endpoint is efficient, because events for both outcomes are combined to achieve good statistical power. However, it is not possible to show efficacy for individual components of the composite endpoint. Freemantle et al 7 discussed further advantages and disadvantages of models with a composite endpoint and appropriate reporting. We may be interested in the incidence of CHF during a follow-up period while considering that patients may die from the disease without CHF. This is a competing risk scenario with 2 endpoints, CHF and death without CHF, and we consider the time from surgery to CHF, and the time from surgery to death without CHF (Figure 1, B) . Cox proportional hazard models can be used for each of the transitions (arrows in the diagram) to calculate HRs, while taking both transitions into account.
Cumulative incidence functions (CIF) at a specific follow-up time are defined as the probability that an event occurs before that time and are calculated for each time point. If such an event is observed for every patient in the sample, then the cumulative incidence can be calculated as the relative frequency of survival times up to the specified follow-up time. If there are incomplete data or censoring such that a patient, who is censored at some time, is representative for those who have not experienced the event (''independent censoring''), the CIF can be estimated as 1 minus the Kaplan-Meier estimator, the probability of surviving (or not experiencing the event) until the follow-up time. In the presence of competing events, the CIF depends on the hazard rate of the event of interest as well as of the hazard rate of the competing events; it can be estimated with the AalenJohansen estimator. 8 Then, the CIF is the product of the time-dependent probability of being alive at-risk and the conditional probability of experiencing the event of interest. Analogously, the CIF for death without CHF, the product of the time-dependent probability of being CHF-free at-risk and the conditional probability of dying without CHF. Note that 1 minus the sum of both CIFs yields the timedependent probability of being alive and without CHF. Thus, to calculate the CIF for CHF, the competing event of death also needs to be considered. The CIF can be calculated for composite endpoint or for each, CHF and death. Figure 2 illustrates the estimation of cumulative incidences of the various models for the mitral valve repair data. The classic Kaplan-Meier curves with 1 endpoint and censoring any other events are shown to overestimate the incidences for CHF or death compared with the curves that take competing risk into account. For example, at 20 years, the risk of CHF is 27.5% when taking competing risks into account and 36.7% when not. The cumulative incidence at 20 years for the composite endpoint (69.3%) is the sum of the incidences for CHF (27.4%) and death (41.9%) in the competing risk scenario (Table 1 ).
An extension of competing risk models are multistate models that provide a flexible framework for many situations. The empirical estimator for the transition probabilities in such multistate models is the Aalen-Johansen estimator. 8 As an example, we consider here estimating not only the mortality risk after surgery, but also the mortality risk after CHF (Figure 1, C) .
Age is associated with the risk of the composite endpoint CHF or death, the HR for 5-year increments is 1.4 (95% confidence interval [CI] 1.3-1.5). The competing risk analysis shows that this age effect is apparent in the effect on death without prior CHF, HR ¼ 1.5 (95% CI 1.4-1.6); the age effect also exists for CHF, HR ¼ 1.3 (95% CI 1.2-1.4). In contrast to the composite analysis, the HRs cannot be interpreted as a comparison of risks, only as actual HRs. Thus, the older the patient is, the faster he or she dies without CHF or the faster he or she obtains a CHF. In addition, we can estimate the HR for age in the multistate model for the transition death after CHF as 1.5 (95% CI 1.3-1.7) ( Table 2 ), meaning that patients with older ages die also faster after CHF. Hence age increases the hazard of all 3 events (CHF, death without CHF, and death after CHF).
The NYHA classification is associated with the composite endpoint CHF or death with an HR of 1.8 (95% CI 1.5-2.1). The competing risk model or multistate model shows that a higher NYHA class is also a statistically significant risk factor for CHF, HR ¼ 1.9 (95% CI 1.4-2.5) and for death after CHF, HR ¼ 1.6 (95% CI 1.1-2.5). NYHA class increased the hazard of death without CHF, HR ¼ 1.7 (95% CI 1.3-2.1) ( Table 2 ). This also can be seen in the CIFs for CHF and death without CHF stratified by NYHA class shown in Figure 3 .
For the models, the statistical software R version 3.1.2 (2014-10-31) was used that included the package survival v. 2.38.1.
There is a 1-to-1 correspondence between probabilities (Table 1 ) and rates ( Table 2) . A higher HR for a factor would mean a higher cumulative incidence. Although the KaplanMeier curves consider only the rate of the event of interest, CIFs for competing events are calculated considering all events simultaneously (Figure 4 ).
DISCUSSION
The prevalence and magnitude of competing risk bias has recently been investigated in a random sample of 100 publications in prominent medical journals, 4 comprising 6 publications from the Journal of Thoracic and Cardiovascular Surgery (JTCVS). Three of those considered overall survival as the primary endpoint, presenting Kaplan-Meier estimates that were adequate for this situation. In the other 3, however, death was a competing event for the primary endpoints time to reoperation, 9 time to stable remission, 10 and time to postoperative extubation. 11 In all 3 articles, KaplanMeier estimates were presented. Because death as a competing event was not considered, they were judged as susceptible to competing risk bias. 4 Luckily, the magnitude Covariates in these models are age (in 5-year increments) and NYHA classification III or IV compared with I or II. All models are adjusted for sex, residual mitral regurgitation, localization, and coronary artery bypass grafting. CHF, Congestive heart failure; NYHA, New York Heart Association.
of the bias was judged as relatively small in at least 2 of the mentioned publications.
Statistical methodology, such as cumulative incidence curves instead of Kaplan-Meier estimates, may be more adequate when competing risks are present. In the example, the cumulative incidence function estimates the timedependent probability of CHF in a realistic situation that patients could die without CHF within the time period of interest. In contrast, there are attempts to interpret the 1 minus Kaplan-Meier estimate as the probability of CHF in a hypothetical situation that patients will not die without CHF within the period of interest. Thus, predictions based on Kaplan-Meier estimates are often speculative and we do not recommend their usage, especially when communicating risks to patients. For instance, a recent study 12 provides a Kaplan-Meier plot showing that the probability of surviving the intensive care unit (ICU) is lower than 20% within 3 months for patients who were admitted during office hours; however, the table showed that this prediction is based on data of patients of whom actually 96% survived the ICU. CIFs would have provided a more realistic figure by accounting for ICU discharge as a competing event for ICU death.
All model assumptions need to be carefully checked. We did not discuss the Markov property for multistate models. This means that future events only depend on the present state, but extensions of these models under different assumptions are possible.
As with other statistical models, the number of events (not the sample size) limits how many transitions can be estimated without overfitting. Some care needs to be taken when preparing the dataset for analysis when competing events happen on the same day. This is referred to as ''ties. '' Other multistate models are possible, but are not discussed here. For example, we discussed a model for time to first CHF, but sequential events also are possible in the multistate model framework. Furthermore, competing risk models also can account for several competing events, such as death from different causes, cardiovascular death, cancer, or other causes. [13] [14] [15] [16] [17] There are several multivariable modeling approaches, based on cause-specific or on subdistribution hazards. The choice of these models needs careful consideration of the research question. 17 
CONCLUSIONS
The presence of competing events to a primary endpoint will lead to biased risk estimates when the competing events are censored. CIFs for the primary endpoint as well as the competing events should be used instead. Competing risk models allow for analysis of multiple endpoints. There are rich possibilities of modeling cardiovascular diseases with competing risk or multistate models when considering transitions between multiple states or sequential events.
